Widening inequalities in mean Body Mass Index (BMI) between social and economic groups are well documented. However, whether changes in mean BMI are followed by changes in dispersion (or variance) and whether these inequalities are also occurring within social groups or across individuals remain understudied. In addition, a substantial body of literature exists on the global increase in mean BMI and prevalence of overweight and obesity. However, whether this weight gain is shared proportionately across the whole spectrum of BMI distribution, also remains understudied. We examined changes in the distribution of BMI at the population level over time to understand how changes in the dispersion reflect between-group compared to within-group inequalities in weight gain. Moreover, we investigated the entire distribution of BMI to determine in which percentiles the most weight gain is occurring over time. Utilizing four waves (from 1993 to 2007) of Indonesian Family Life Surveys (IFLS), we estimated changes in the mean and the variance of BMI over time and across various socioeconomic groups based on education and households' expenditure per capita in 53,648 men and women aged 20-50 years. An increase in mean and standard deviation was observed among men (by 4.3% and 25%, respectively) and women (by 7.3% and 20%, respectively) over time. Quantile-Quantile plots showed that higher percentiles had greater increases in BMI compared to the segment of the population at lower percentiles. While between socioeconomic group differences decreased over time, within-group differences increased and were more prominent among individuals with poor education and lower per capita expenditures. Population changes in BMI cannot be fully described by average trends or single parameters such as the mean BMI. Moreover, greater increases in within-group dispersion compared with between-group differences imply that growing inequalities are not merely driven by these socioeconomic factors at the population level.
Introduction
Rapid increases in the mean Body Mass Index (BMI) and the prevalence of overweight and obesity are widely documented in highincome countries, as well as low-to middle-income countries (LMICs) (Finucane et al., 2011; Jones-Smith, Gordon-Larsen, Siddiqi, & Popkin, 2011) including Indonesia (Roemling & Qaim, 2012; Usfar, Lebenthal, Atmarita Achadi, Soekirman, & Hadi, 2010) . However, previous studies have predominantly relied on the change in mean or point estimates such as the prevalence of underweight, overweight and obesity as a proxy for population level changes in BMI. A study using Demographic Health Survey (DHS) data from 37 LMICs (excluding Indonesia) examined patterns of change across the entire distribution of BMI among women and revealed an increase in weight gain among higher BMI percentile groups suggesting that a single parameter, such as mean BMI or percent overweight do not capture the divergence in the degree of weight gain occurring across the population (Razak, Corsi, & Subramanian, 2013) . However the DHS study was limited to a small number of repeated cross-sectional data and only to women. Therefore, further studies on both women and men in LMICs using longitudinal datasets or datasets with a greater number of study cycles was suggested to provide deeper insight into the varying patterns of weight gain over time (Razak et al., 2013) .
Previous studies in Indonesia have shown increases in the prevalence of overweight and obesity as children grow to adolescents (Julia, van Weissenbruch, Prawirohartono, Surjono, & Delemarre-van de Waal, 2008) or significant increases in body weight and mean BMI among women of productive age (Winkvist, Nurdiati, Stenlund, & Hakimi, 2000) . A recent study on obesity trend and its determinants has likewise shown a pronounced rise in overweight among women, in rural areas, and among low income individuals of the population compared to men, urban areas and high income individuals, while underweight still persists in Indonesia (Roemling & Qaim, 2012) . In addition, households' inequalities in dual burden of malnutritioncoexistence of both under-and overweight in the same householdwere also examined between socioeconomic groups and residential environments reporting rising intra-household inequalities and between socioeconomic group differences (Roemling & Qaim, 2013; Vaezghasemi et al., 2014; Hanandita & Tampubolon, 2015) . These prior papers that have focused on social group differences in health are necessary for targeting investments to the worst off groups and a group-level approach can support the creation of laws and programs that seek to eliminate social group differences. For example, we might ask how mean BMI of the poor compares to that of the rich. Moreover, the WHO recommends that health indicators should be reported by groups, or "equity stratifiers" for the purposes of monitoring health inequities (Zheng et al., 2011) .
However, few studies have examined whether inequalities in weight gain are occurring within social groups or specific segments of the population, which is a measure of inter-individual inequalities rather than between-group inequalities (Krishna, Razak, Lebel, Smith, & Subramanian, 2015) . In this study, we utilized standard deviation (SD) and variance in BMI as measures of inequality to assess the populationlevel dispersion across individuals within groups. The theoretical framework of our study is based on what Murray and Gakidou defined as "health inequality", which is variation in health status across individuals in a population (Gakidou, Murray, & Frenk, 2000; Murray, Gakidou & Frenk, 1999) . To study health inequalities, they proposed two complementary approaches: (i) measuring social group inequalities by differences in mean values or the prevalence of health outcomes between social groups and (ii) measuring individual inequalities by differences between individuals and within groups (Gakidou et al., 2000; Murray et al., 1999) . Although less often considered in the epidemiologic literature, variations between individuals may provide critical information as the same average level of health could correspond to substantial variation across individuals in that population (Murray et al., 1999) .
Indonesia is the fourth most populous country in the world and one of Southeast Asia's highly performing economies which has been experiencing striking social and economical changes during the last two decades. To the best of our knowledge, no study in Indonesia has previously addressed (i) changes in the distribution of BMI across various percentiles of the population and (ii) within-group or interindividual inequalities in the distribution of BMI over time.
Subjects and methods

Data source
We utilized a nationally representative data from an on-going longitudinal socioeconomic and health survey, called the Indonesian Family Life Survey (IFLS) (http://www.rand.org/labor/FLS/IFLS. html). The IFLS employed a multi-stage stratified systematic sampling design based on the stratification of provinces and urban/ rural locations. In the first wave (1993) thirteen of twenty-seven provinces, representing 83% of the population were selected. The IFLS consists of four waves of data collected in 1993, 1997-98, 2000, and 2007-08 . Our analyses were mainly performed on the cross-sectional data from these waves. Relatively few large-scale longitudinal surveys are available for LMICs. IFLS is the only largescale longitudinal survey available for Indonesia. Because data are available for the same individuals from multiple points in time, IFLS affords an opportunity to understand the dynamics of behavior at the individual, household and family, and community levels (Strauss, Witoelar, Sikoki, & Wattie, 2009 ).
Study subjects
We included only adult men and women aged 20-50 years. Consistent with prior work, individuals older than 50 years were not included due to changes in body composition inherent in aging (Razak et al., 2013) . Moreover, BMI may not be appropriate among older individuals due to increasing body fat at similar levels of BMI compared with younger ones (Ogden, Yanovski, Carroll, & Flegal, 2007) . Children and adolescents were also excluded from the analysis as BMI thresholds used for adults may not apply to them (de Onis & Lobstein, 2010) and nutritional determinants can be quite diverse for those age groups. We also excluded pregnant women, individuals with missing values in all the key independent covariates, and individuals with outlier values of weight (in kg; < 25 and > 200), height (in cm; < 100 and > 200) from the analysis (Razak et al., 2013) . After exclusion of outliers and missing values in all variables, a total number of 8, 119, 11,103, 15,514, and 18,912 individuals were included in the analysis from wave 1 (IFLS1), wave 2 (IFLS2), wave 3 (IFLS3), and wave 4 (IFLS4), respectively (Fig. 1) . The number of excluded individuals was highest in IFLS3 and IFLS4 with about sixteen percent. The higher number of missing values found in the anthropometric measurements were mainly due to the fact that household members either moved or were not available for physical health measurements. We also created a panel dataset including all individuals (n=2,952) who participated in all four waves in order to compare their BMI distribution parameters as well as the prevalence of underweight, normal weight, overweight, and obesity with those observed in the repeated cross-sectional data.
Outcome variable
The outcome of interest was BMI measured as a ratio of weight (kg) to the square of height (m). BMI is considered by the WHO to be a standard and useful population measure of weight status used in largescale surveys of nutritional status in adults (WHO, 1995) . It is an inexpensive and easy-to-perform method of screening for weight categories at the population level, for example underweight, normal or healthy weight, overweight, and obesity. The definition of normal weight is BMI 18.5-24.99, based on WHO (World Health Organization, 2000) , whereas a BMI 18.5-23, may be more appropriate for Asians (Deurenberg, Deurenberg-Yap, & Guricci, 2002; WHO Expert Consultation, 2004) . Two specially trained nurses recorded physical measurements, including height and weight on all household members (Strauss et al., 2009 ).
Covariates
The covariates were (i) gender (men and women), (ii) age (20-50 years), (iii) occupation (never worked and worked), (iv) education (no schooling, elementary, secondary, and university), (v) household's living standard presented as quartiles of per capita expenditure (with the first quartile being considered as "lowest per capita expenditure"), and (vi) place of residence (urban and rural). Household per capita expenditure (total household expenditure divided by number of household members) was used as a proxy for a household's living standard and contained information about households' food expenditures and non-food consumption during one month measured in Indonesian Rupiah (Strauss et al., 2009 ).
2.5. Analysis 2.5.1. Distributional parameters of BMI BMI was age-adjusted prior to analysis. Age adjustment was achieved by regressing BMI on age and quadratic age, followed by the addition of the grand mean to the residuals from this model. We used age-adjusted BMI for both repeated cross-sectional and panel data to present and compare the distributional parameters over time: mean, SD, 5th, 50th, and 95th percentiles for all individuals (men and women separately) and for each study wave. We used both crosssectional and panel data to compare the distributional parameter of BMI. For the rest of the analysis only repeated cross-sectional data were used. We calculated the percent change for all parameters in wave 1 (1993) to wave 4 (2007).
Graphical analysis of patterns of BMI distributional changes
Age-adjusted BMI was also used for the graphical analysis. There is no standard approach to graphically examining distributional changes in BMI (Flegal & Troiano, 2000) . As demonstrated previously (Razak et al., 2013; Krishna et al., 2015) Quantile-Quantile (QQ) plots can provide useful information about changes in BMI distribution (Wilk & Gnanadesikan, 1968) . Using this approach, we plotted percentiles of BMI at the recent study cycles (wave 2, wave 3, and wave 4) against percentiles of BMI from the baseline study cycle (wave 1). If the two distributions being compared were exactly the same, the points in the QQ plot would lie on the line y=x, and points above the equality line (y=x) represent a higher level of BMI in subsequent study waves. QQ plots are particularly suitable for detecting the increasing distance from the line of equality at the tails of the distribution (Wilk & Gnanadesikan, 1968 
Variance differences in regression models
We ran several univariate regressions on BMI and each covariate (one at a time) for men and women separately for IFLS1 and IFLS4. We did this to observe how much of the variation is explained by each covariate separately compared with the null model (empty model reporting total variance around the global mean BMI), and how it was changing over time. In addition, for each study wave, we ran several different ordinary least squares regression models by regressing BMI on (i) age and gender (Model I); (ii) age, gender, and occupation (Model II); (iii) age, gender, occupation, education and per capita expenditure (Model III); and (iv) age, gender, occupation, education, per capita expenditure, and place of residence (Model IV). We only presented the variance to illustrate variability in the distribution of BMI over the study waves after accounting for the socioeconomic factors. We presented percent change in variance between Model I and Model IV to show the extent to which the variation in BMI is explained by these socioeconomic factors, and between wave 1 and wave 4 to show how population level variance was changing over time. For instance, we subtracted the variance in model I by the variance in model IV. We later divided this by the variance in model I and multiplied it by 100 (Merlo et al., 2006) . This gives us the percentage of the variance attenuated or explained by inclusion of all the socioeconomic factors for each study wave. STATA software version 13.1 was used for analysis in this study (StataCorp. 2013 . Stata: Release 13. Statistical Software. College Station, TX: StataCorp LP). [1993] [1994] [1995] [1996] [1997] [1998] [1999] [2000] [2001] [2002] [2003] [2004] [2005] [2006] [2007] . In IFLS1 9.6% of men and 19% of women had no schooling. The percentage with no schooling decreased to 2% for men and 4.7% for women in IFLS4. In IFLS4 almost the same percentage of men (13.1%) and women (12.2%) had university education. Approximately 90% of men and 50% of women reported being employed across all the study waves. The proportion of men and women who lived in urban area increased from 47.9% in IFLS1 to 53.4% in IFLS4 and from 47.0% to 53.9%, respectively.
Results
General characteristics of the study population
Distributional parameters of BMI
Among men, the mean BMI increased by 4.3% from IFLS1 (21.1) to IFLS4 (22.0). For women, the mean BMI increased by 7.3% from IFLS1 (21.9) to IFLS4 (23.5). The same trend was observed in the panel data with an increase in percent change for all individuals. As BMI mean increased, SD also increased over time. The change from IFLS1 to IFLS4 was higher among men (25%) than women (20%) ( Table 1) .
We also estimated the prevalence of underweight, normal weight, overweight, and obesity for both cross-sectional and panel data, based on both WHO and Asian cut-offs (Table A.7) demonstrating an increasing trend in overweight and obesity in the population. The results from the last cross-sectional data, based on the Asian cut-off illustrates that 41.1% of all individuals are overweight (28.5%) or obese (12.6%), while 10.7% are underweight. Fig. 2 illustrates the QQ plot of BMI. Overall, in men and women, the distribution of BMI is closer to the baseline survey at lower percentiles of BMI and there is increasing positive deviation of BMI values at higher percentiles.
Patterns of BMI distribution change over time
Between-group and within-group differences in BMI
The results from Table 2 illustrate that the mean BMI increased within all subcategories of education and per capita expenditure, and it was higher among individuals with lower education compared to those with higher education, and among the lowest per capita expenditure group compared to the highest one. In order to capture the between group mean differences we presented both absolute and relative differences. The percent change in both absolute and relative difference in university vs. no schooling and highest per capita expenditure vs. lowest per capita expenditure decreased from IFLS1 to IFLS4. From this result we can say that weight gain of individuals with no schooling and lowest expenditure is occurring faster than among those with university and highest expenditure. Overall there was a decrease in between group differences, and the group means were very close. Higher disparity was observed among men compared to women. The decrease in group difference was not statistically significant between lowest and highest per capita expenditure. The full results for all IFLS waves can be seen in Table A .2. Table 3 shows that variance also increased as the mean BMI increased, and it was higher among individuals with university education, those in the highest per capita expenditure group, and more prominent among women compared to men. Over time, variance increased more in the no schooling group (men, 49.0% and women, 58.7%) compared to the university category (men, 44.2% and women, 25.4%) ( Table 3 ). The same pattern was observed for per capita expenditure. In summary, the results presented in Tables 2 and 3 demonstrate that although between group mean differences became relatively smaller, individuals became more variable within these groups over time (increasing variance). The full results for all IFLS waves can be seen in Table A .4. The same analysis was done for SD, which is shown in Table A .3.
Contribution of socioeconomic factors in inter-individual variation in BMI
We ran several simple regressions on BMI, and each covariate (one at a time) for men and women separately for IFLS1 and IFLS4 (Table  A.6 ). In IFLS1, most of the variation in BMI was attributed to socioeconomic factors (e.g., per capita expenditure and place of residence), whereas in IFLS4, age was the greatest contributor in the variation of BMI (Table A.6). In Table 4 , we reported the variances of two different multiple regression models (full results are available in Table A .5). Total variance increased over time. Comparing Model I and Model IV in Table 4 illustrates that the effect of socioeconomic factors on BMI became weaker over time among men (IFLS1, 8.9% and IFLS4, 5.9%) and among women (IFLS1, 6.2% and IFLS4, 1.8%).
Discussion
The main findings in our study were: (i) changes in the BMI mean were not equally distributed across the entire BMI distribution over time, and higher baseline percentiles gained more weight relative to the segment of the population at lower baseline percentiles (Fig. 2) ; (ii) while between socioeconomic group differences decreased, within group inequalities increased over time, with greatest increase among individuals in low education and low per capita expenditure groups (Tables 2 and 3 ); (iii) the effect of socioeconomic factors, i.e. education, households per capita expenditure, occupation, and place of residency on the variation of BMI decreased in 2007 compared with 1993 (Table 4) ; (iv) a substantial gender gap was observed in the variation of BMI over time, as well as within and between groups throughout the analysis. We believe that this paper provides more comprehensive examination of changes in the distribution of BMI rather than estimation of limited parameters such as the mean level of BMI. For example, solely presenting the prevalence of overweight and obesity would not capture the fact that higher percentile BMI segments were gaining weight at an increased rate relative to lower percentile BMI segments, or that those who have low BMI (in the underweight range) have had little increase in their weight over time. Our finding implies that the concept of "average weight gain" in a population where variance is rapidly rising fails to give a true estimation of how these changes are distributed. The increased variance is a particularly important finding considering the U-shaped relationship between BMI and mortality with increased mortality risk at both low BMI and high BMI levels (Prospective Studies, 2009; Zheng et al., 2011) . Consequently, it is important to prioritize interventions in both high-risk groups (underweight and overweight/obese) to improve the health of both tails of the BMI distribution. A population-based strategy solely relying on changing the overall mean BMI in a population would fail to accomplish this dual benefit (Razak et al., 2013) .
Moreover we have focused on the idea of within-versus betweengroup inequalities, as we believe that it is a novel and informative way of exploring how population level changes in BMI are occurring. To our knowledge this is the first application of this approach in a LMIC setting and is we believe an important finding to contrast (and compare) against a similar analysis in the US where both between and within social and demographic group inequalities are widening (Krishna et al., 2015) . We observed between group inequalities in BMI, with higher expenditure and more educated groups having higher BMI than low expenditure and lower educated groups. The important finding is that, these between group inequalities (e.g. comparing mean BMI across educational and per capita expenditure strata) decreased over time, while there were growing inter-individual inequalities within groups (increasing SD or variance).
Our findings are both in contrast and in line with the US study (Krishna et al., 2015) . In Indonesia, between group inequalities are narrowing, while they are widening in the US population. However, in both countries within group inequalities are increasing over time. In the US study, the authors reported a 30% increase in overall population SD of BMI from 1993 to 2012, while we found an increase of 25% in SD from 1993 to 2008. This shows that inequalities in BMI in the Indonesian population are increasing approximately at the same rate over time as the US population, a high-income country with a much higher prevalence of overweight and obesity.
The fact that increasing socioeconomic inequalities in Indonesia did not drive the observed inequalities or dispersion in BMI is another important finding of our study. A growing number of recent studies showed the link between socioeconomic inequality and health inequality, i.e. inequalities in non-communicable disease (Di Cesare et al., 2013; Sommer et al., 2015; Vellakkal et al., 2013; Kien et al., 2016) . In our study the contribution of these socioeconomic factors in explaining the variability in BMI substantially decreased over time. In addition, the generally low R-squared values in Table 4 confirm the fact that very low percentages of the variation in BMI are explained by these variables in all models. However, decreasing between socioeconomic group differences in BMI do not necessarily mean that inequality is improving. Rising within group inequality implies that there must be other under-recognized characteristics in the population such as social, physiological, or genetic variables affecting BMI than conventional socioeconomic factors. Nutrition transition and the exposure to the same obesogenic environment in LMICs might be a useful tool in explaining our findings as the burden of obesity is shifting towards low socioeconomic groups due to rapid social, economic, and technological changes (Popkin, 1998) . Even though, the poor and the disadvantaged are catching up, still in LMICs the burden of many non-communicable diseases and their risk factors -particularly overweight and obesity -is on higher socioeconomic groups (Hanandita & Tampubolon, 2015) , while this situation is reverse in high-income countries. Whether the same trend will be observed in Indonesia and if socioeconomic differences could better explain the variation in BMI in the future requires follow up studies.
We observed a large gender gap in the variation of BMI in this study. In general men had a lower BMI but became more variable (higher percentage of change in the variance) over time compared to women who had higher BMI but lower percentage of change in Fig. 2 . Quantile-Quantile (QQ) plot of BMI by comparing the baseline with the subsequent study cycles. X-axis shows the BMI at the baseline survey. Y-axis shows the BMI at the following survey waves. The diagonal line y=x is the line of equality between baseline survey and subsequent survey. Vertical reference lines (dash) represent the 5th, 50th, and 95th percentiles, with the value of BMI at the baseline survey at the top of each line. IFLS: Indonesian Family Life Survey.
Table 2
Between-and within-group differences in the mean BMI over time for education (no schooling, elementary, secondary, and university) and per capita expenditure quartiles. variance. Socioeconomic factors explained less of the variation in BMI among women compared to men. The differences in the explained variance among men and women could imply either the same variables have different effects on the two groups or there are entirely different sets of exposures that might drive these differences. Our analysis did not go beyond the disaggregation of the data by men and women, therefore, our ability in explaining the differences is limited. Future work should adopt a more gender oriented analysis (Morgan et al., 2016 ; United Nations Economic Commission for Europe, 2010) to describe the economic and social differences in BMI of women and men in the same population. For example, differences may be driven by the impact of maternity, body image, relative allocation of resources or gender relations within households. Several studies have been conducted and multiple theories have been proposed to explain increasing dispersion at the individual level through both genetic and social factors. For instance, assortative mating and preferences for similar body habitus may determine partner selection and may account for rising variation in BMI between individuals (Dawson, Dhurandhar, Vazquez, Peng & Allison, 2013; Speakman, 2013; Silventoinen, Kaprio, Lahelma, Viken, & Rose, 2003) . However, a 25% increase in inequalities in weight gain within 15 years in the Indonesian population is very unlikely to have been driven by assortative mating. Social norms may also cause dispersion by clustering body weight in individuals within groups, yet studies in the US showed little evidence of within group clustering and social multiplier effects on obesity and BMI (Krishna et al., 2015; Auld, 2011) . To decouple gene-environment effects, twin and adoption studies have decomposed individual level variance into genetic and environmental components and shown the additive genetic and environmental variance is positively associated with prevalence of obesity, prevalence of overweight and the mean of the BMI distribution Silventoinen, Rokholm, Kaprio, & Sorensen, 2010) . Clearly, multidisciplinary approaches are needed to explain how social disparities, assortative mating, social norms, and genetic predisposition contribute to increasing interindividual inequalities.
Education
There are some limitations in our study. First, the analysis is based on the four IFLS repeated cross-sectional data and therefore cannot fully determine weight change within an individual over time. However, because our aim was to examine the changes at the population level, these four repeated cross-sectional data allowed us to make inferences at the population level and for segments of the population. Second, BMI was adjusted based on age and quadratic age. More complex age adjustment parameters may be used but are unlikely Model I: bmi i =ß 0 +ß 1 (Age) 1i +ß 2 (Gender) 2i +e 0i ; Model IV: bmi i =ß 0 +ß 1 (Age) 1i +ß 2 (Gender) 2i +ß 3 (Occupation) 3i +ß 4 (Education) 4i +ß 5 (Per capita Expenditure) 5i +ß 6 (Place of residence) 6i +e 0i ; Percentage change in variance was calculated based on the differences between model I and model IV. For instance, we subtracted the variance in model I by the variance in model IV. We later divided this by the variance in model I and multiplied it by 100. This gives us the percentage of the variance attenuated or explained by inclusion of all the socioeconomic factors for each study wave. IFLS: Indonesian Family Life Survey.
to have a dramatic impact on findings in our sample population of individuals age 20-50. Third, we did not include the dietary pattern of households or the physical activity level of individuals into the analysis, which might better explain the variation in BMI. Finally, only 20-50 year old men and women were included in our analysis. However, this limitation in generalizability to the entire population also could strengthen the specificity of our findings. To tackle malnutrition effectively in LMICs, Uauy and Solomons proposed that international communities should consider five age groups across the course of life: fetal life, infancy and childhood, adolescence, adult life, and old age (Uauy & Solomons, 2006) . We addressed adult life; thus alternative approaches i.e. decomposition analysis on other age groups could be a focus of future research.
Conclusion
Changes in BMI in Indonesia cannot be fully described by a single parameter such as mean BMI. Increasing within group variance compared with between group differences implies that growing inequalities are not merely driven by these socioeconomic factors at the population level. Future studies using the longitudinal data in IFLS and other datasets are needed to identify who in BMI distribution groups is gaining weight and to focus on further understanding of underrecognized characteristics of population-level weight change.
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Appendix A
See Tables A1-A7. Percentage change in variance was calculated based on the differences between model I and model IV. For instance, we subtracted the variance in model I by the variance in model IV. We later divided this by the variance in model I and multiplied it by 100. This gives us the percentage of the variance attenuated or explained by inclusion of all the socioeconomic factors for each study wave. IFLS: Indonesian Family Life Survey. Percentage change in variance for IFLS1 and IFLS4 was calculated based on the differences between null model and the variance after inclusion of each covariate. This gives us the percentage of the variance attenuated or explained by inclusion of all the socioeconomic factors for each study wave. IFLS: Indonesian Family Life Survey; PCE: Per-Capita Expenditure. 
